Abstract. Because of the fundamental role feedbacks play in determining the response of surface temperature to perturbations in radiative forcing, it is important we understand the dynamic characteristics of these feedbacks. Rather than attribute the aggregate surface temperature feedback to particular physical processes, this paper adopts a linear systems approach to investigate the partitioning with respect to the timescale of the feedbacks regulating global mean surface temperature in climate models. The analysis reveals that there is a dominant net negative feedback realised on an annual timescale and that this is partially attenuated by a spectrum of positive feedbacks with characteristic timescales in the range 10 to 1000 yr. This attenuation was composed of two discrete phases which are attributed to the equilibration of "diffusive -mixed layer" and "circulatory -deep ocean" ocean heat uptake. The diffusive equilibration was associated with time constants on the decadal timescale and accounted for approximately 75 to 80 percent of the overall ocean heat feedback, whilst the circulatory equilibration operated on a centennial timescale and accounted for the remaining 20 to 25 percent of the response. This suggests that the dynamics of the transient ocean heat uptake feedback first discussed by Baker and Roe (2009) tends to be dominated by loss of diffusive heat uptake in climate models, rather than circulatory deep ocean heat equilibration.
Introduction
Resolving global climate feedbacks has been an important feature of climate change research for many years (Hansen et al., 1984 (Hansen et al., , 1985 Bony et al., 2006) . Past research has tended to focus on either instantaneous or equilibrium timescale climate feedbacks given these are amenable to steady state analysis (e.g. Colman 2003; Gregory et al., 2004; Soden and Held, 2006; Bony et al., 2006; Forster and Taylor, 2006; Roe and Baker, 2007; Gregory and Forster, 2008; Lu and Cai, 2009) . Although both of these timescales are clearly important, feedbacks in the climate system operate over a broad spectrum of timescales ranging from days to millennia (Hansen et al., 1985) , and it is important that we characterise these also (Hansen et al., 2007; Knutti and Hegerl, 2008; Roe, 2009) .
The timescales of climate feedbacks are determined by the dynamics of the climate system (e.g. Hoffert et al., 1980; Watts et al., 1994; Stouffer, 2004; Danabasoglu and Gent, 2009; Baker and Roe, 2009; Roe, 2009 ) with the atmosphere dominating the behaviour of the shorter timescale sub-annual feedbacks, and the oceans the longer timescale feedbacks (Hansen et al., 1985; Watts et al., 1994; Dickinson and Schaudt, 1998; Baker and Roe, 2009) . Attributing feedbacks to specific timescales is more difficult than analysing the equilibrium condition because one has to account for the transient response of the climate system (e.g. Bates, 2007; Roe, 2009; Baker and Roe, 2009) . Simple climate models have been the main vehicle for exploring transient feedback timescales (e.g. Hansen et al., 1985; Wigley and Schlesinger, 1985; Dickinson and Schaudt, 1998; Hallegatte et al., 2006; Bates, 2007) . Of particular relevance here is the work of Published by Copernicus Publications on behalf of the European Geosciences Union.
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A. Jarvis: The magnitudes and timescales of global mean surface temperature Baker and Roe (2009) who investigated the effect of a transient oceanic heat uptake feedback on equilibrium climate sensitivity and transient climate change. Using a simple 1d upwelling-diffusion Global Energy Balance Model (GEBM) they show the importance of feedback timescale when inferring climate sensitivity. However, we are also interested in transient feedback analysis of more detailed climate system descriptions such as Earth system Models of Intermediate Complexity (EMICs) and Atmosphere-Ocean General Circulation Models (A-OGCMs). Because these models contain more complex dynamic mechanisms, numerical methods are required to characterise their transient feedback behaviour (Prather, 1996) . Gregory and Forster (2008) and Williams et al. (2008) estimated the feedback strength associated with the transient response of global mean surface temperature in a range of A-OGCMs using the static linear analysis method of Gregory et al. (2004) . An alternative approach would be to develop an explicitly dynamic framework for identifying feedback timescales directly.
It is important that feedback timescales are not simply seen as the time evolution of the strength of the feedback(s) being studied (see e.g. Williams et al., 2008; Baker and Roe, 2009) , because this will be a function of both the dynamics of interest and the specific input used to excite this behaviour. A more appropriate approach would be to consider feedback strength in relation to standard measures of dynamic timescale such as time constants which, for a linear system, are fixed properties. Although there is good evidence to suggest that climate models exhibit many nonlinear traits (Aires and Rossow, 2003) , particularly in their local distributed response, there is also evidence to show that the perturbed global aggregate response of climate models is often near linear (e.g. ; an assumption that underpins most of the published work on climate feedbacks (e.g. Gregory et al., 2004; Bony et al., 2006; Forster and Taylor, 2006; Roe and Baker, 2007; Gregory and Forster, 2008) .
In this paper we present a numerical methodology for estimating the strength (amplitude) of feedbacks operating on the surface temperature dynamics of climate models following CO 2 induced perturbations in radiative forcing. Like much previous work on climate feedbacks the analysis will be based on the annual, global mean response. However, unlike previous studies that explicitly set out to differentiate surface temperature feedbacks with respect to climate processes, here the feedbacks will be differentiated with respect to the timescale (time constant) of their response to surface temperature change. This is important because it will allow an evaluation of the relative magnitudes of the fast and slow (and all intervening timescales) feedbacks operating in these models.
Methods

Definition of climate reference and feedback systems
Because feedback is the generation of reference system input from its output, feedbacks can only be defined in relation to the reference system on which they operate (Stephens, 2005; Roe, 2009 ). If T (K) are annual mean global surface temperature perturbations relative to a pre-industrial baseline; Q (W m −2 ) are net annual mean global energy inputs to the surface independent of T (which we will call the exogenous forcing); and F (W m −2 ) are net annual mean global net energy inputs to the surface which are dependent on T (i.e. F = f { T }; which we will call the feedback forcing), then the global surface energy balance reference system can be described by,
where C is the effective heat capacity of this element of the climate system. This heat capacity is predominately determined by the heat capacity of the well-mixed surface ocean, given the land and atmosphere, to which the surface ocean is strongly coupled through large exchanges of sensible and latent heat, have relatively little thermal inertia (Dickinson and Schaudt, 1998) . In defining the global surface energy balance reference system in this way we assume it to be bounded by the top of the atmosphere, across which radiant heat is exchanged with space, and by the ocean thermocline, across which sensible heat is exchanged with the intermediate and deep ocean (Dickinson and Schaudt, 1998) . We also assume it to be homogenous with respect to T , although to accommodate this assumption c is not defined a priori but will instead be estimated from the transient climate model data. Assuming linearity, the feedback forcing F can be considered as the sum of N feedbacks terms,
For each of these N feedbacks we can specify a time constant, τ i (yr), to represent the timescale over which the feedback equilibrates to a perturbation in T , and an amplitude, g i (W m −2 K −1 ), to represent the contribution of the feedback to the equilibrium response of F following a perturbation in T . Taking a linear systems approach, each individual feedback can now be considered as a first order subsystem (see Fig. 1 ) where,
Because of the use of transient feedbacks in the climate literature (e.g. Williams et al., 2008; Baker and Roe, 2009) 
Providing the climate system is stable and fully damped, as τ → ∞ the closed loop system described by Eqs. (1 to 3) reduces to,
and hence the equilibrium climate sensitivity, S (K), is given by,
where Q 2xCO 2 is the exogenous forcing associated with a doubling in atmospheric CO 2 from a pre-industrial baseline. Hence G resembles the static feedback parameters and sensitivities commonly discussed in the climate literature (e.g. Forster and Taylor, 2006) . However, it is important to appreciate that G only corresponds to these more familiar climate feedback representation as τ → ∞ and the dynamics in the climate system have been fully extinguished. For all intermediate timescales the feedback sensitivities dF /dT and any related quantity will be context specific whilst G will be a stationary property of a linear dynamic system.
Quantifying the relationship between feedback amplitudes and time constants
The objective is to find the values of g(τ ) that provide the least squares fit between the climate model T and the output of Eqs. (1-3). To estimate g(τ ) from these time series we start by pre-specifying values of τ that span the dynamic range of the model response we are investigating. If we are interested in capturing the full dynamic range of each climate model it is critical that we analyse perturbations taken through to full equilibrium. Figure 2b shows the full equilibrium response of T to the 4 × CO 2 forcing shown in Fig. 2a for the three models being investigated. From this we can see that the temperature response is equilibrating in <5000 yr. Therefore, if we specify τ = 0,10,20,...,4990,5000 yr this guarantees coverage of the dynamic response of the model because clearly the 5000 yr time constant feedback cannot be contributing significantly in these cases. As we will see, τ < 1000 yr will actually be sufficient for the three models analysed here because feedback considerably extends the effective timescale of the response of T . A 10 yr increment for τ was found to be an adequate trade off between, on the one hand capturing the subtleties of the g(τ ) relationship, whilst on the other being coarse enough to make the estimation of g(τ ) manageable.
b. Having specified τ the aim is to estimate the corresponding values of g. Despite being a quasi-linear problem (sum of linear feedback amplitudes) it is also heavily over parameterised (N = 100) making direct search methods such as gradient descents impracticable. Furthermore, the dynamic behaviour of a large collection of first order responses as in Eq. (3) can often be represented exactly by a smaller subset of first order responses (Jarvis and Li, 2010; see later) . Because of this, direct search methods will also tend to gravitate on low order approximations for g(τ ) and not on the true relationship (Jarvis and Li, 2010) . To avoid this we have elected to use slow cool simulated annealing to search for g(τ ) because, not only is it more likely to cope with a high dimension search such as this, its inability to exploit any covariance between the individual estimates of g means it will tend to avoid gravitating on low order approximations of the feedback dynamics. A finite difference approximation is used to vectorise Eqs. (1 to 3) so that the annealing code runs fast enough to be of utility. For this the reference system is given by,
and the feedback forcings are given by,
where
, which captures the effects of temperature driven infrared heat loss (Forster and Taylor, 2006) , is stated explicitly because, in addition to being relatively well defined, it provides a useful baseline against which all values of g i are estimated. All results presented for G(τ ) will include this feedback. The annual sample interval, t, was found to be sufficient to avoid introducing significant numerical errors into the finite difference approximation. The annealing conditions found to be appropriate for the estimation were 10 6 iterations and a cooling rate of 10 −6 K per iteration. Because each annealing result has embedded in it some of the random perturbations of the cooling process The relationship between feedback amplitude, g, and its corresponding time constant, τ , for a synthetic test case. The thick line has been used to generate a unit step response to which the structure in Fig. 1 has been optimised using the simulated annealing methodology outlined in the text. The thin line is the resultant estimate of the same relationship.
the results we present are the average of 100 individual anneals. This ensemble was also used as an approximate measure of the uncertainty in the g(τ ) estimates. The estimation was done using the annealing algorithm in Yang et al. (2005) run in Matlab™ 7.0, which on a 2.83 GHz Intel Core 2 Quad machine took approximately 20 h for each 100 member ensemble. These conditions were found to provide reasonable results when recovering know synthetic g(τ ) relationships, an example of which is shown in Fig. 3 . It is clear from this test that there is a tendency for the method to partially smooth the estimate of g(τ ) making it less peaked than it should be. This needs to be kept in mind when interpreting the results.
Climate models and CO 2 perturbation runs
Fully equilibrated A-OGCM perturbation experiments are rare because of the expense of running such models for the necessary amount of time. As a result, a comprehensive intercomparison of A-OGCM model dynamics is not impossible at present, although as and when these data become available then clearly such an analysis could prove informative. In the meantime, this paper will look at one particular A-OGCM experiment; GFDL R15a perturbed using a 1 % annual compound CO 2 increase to 4 × CO 2 (taking 140 yr) and then run to equilibrium (Manabe et al., 1991) . To complement this, an equivalent analysis will be made of a GEBM (MAGICC as detailed in Eickout et al., 2004) ; and an EMIC (UVicESCM; Weaver et al., 2001 ) perturbed in exactly the same way. The three perturbation data sets are given in Fig. 2 .
Although these three models differ in the level of detail with which the climate system is represented, they share structural similarities, particularly in the representation of ocean heat uptake which, for all three, is comprised of both diffusive heat uptake across the thermocline and circulatory heat uptake via Meridional Overturning Circulation (MOC).
Results and discussion
1.2.1 The estimated relationships for g(τ ) and G(τ ) Figure 4 shows the relationships for the incremental feedback amplitudes, g(τ ), and cumulative feedback amplitude, G(τ ), estimated for the three models. Having accounted for the Planck feedback, the values of g(τ ) are positive (Fig. 4a ) and, as a result, G(τ ) becomes progressively less negative with increasing τ (Fig. 4b) . g(τ ) is at a maximum when τ = 0, highlighting the importance of positive feedbacks in modulating the Planck feedback on the sub-annual timescale in these models (Bony et al., 2006; Forster and Gregory, 2006; Soden and Held, 2006) . For τ > 0, g(τ ) remains positive but tends to zero. The only process that is common to all three models that can explain this is the loss of ocean heat uptake from the surface as the oceans accumulate heat when equilibrating with surface temperature. Under the assumption that g(τ ) for τ > 0 are attributable to this effect alone and, as τ → ∞, g o (τ ) → 0 where O denotes "ocean" feedbacks, then,
and,
The inset in Fig. 4b shows how G o (τ ) dissipates with increasing τ as a consequence of the ocean heat equilibration. Baker and Roe (2009) also treated the ocean heat equilibration process as a transient negative feedback in a simple GEBM (see their Fig. 6b ), although they use time as a measure of timescale rather than time constants. When viewed as a function of time constant (i.e. Fig. 4 ), a transient negative feedback can be understood as a negative feedback that is eroded by a series of lagged positive feedbacks that represent the progressive loss of the ocean heat sink. For all three models g o (0) ≈ −1.5 W m −2 K −1 (see Table 1), which is approximately twice the equivalent ocean feedback parameter estimate of −0.6 W m −2 K −1 presented by Gregory and Forster (2008) for the CMIP4 A-OGCM ensemble. The reason for this is provided in Fig. 4b which shows that, because the ocean heat feedback rapidly diminishes with increasing timescale, particularly for τ < 200 yr, the feedback amplitude estimate will be heavily dependent on the degree of equilibration in the data used in the estimation. As with the estimates of Raper et al. (2002) and Forster (2008) estimated the ocean heat uptake feedback amplitude from the first 70 yr of the one percent compound CO 2 forcing experiments. Under these circumstances one would estimate something in the region of G o (70/e) which, from Fig. 4b , we can see is close to −0.6 W m −2 K −1 . This highlights the importance of correctly handling the dynamics in both real and model data when estimating dynamic feedback properties.
G(t) (W m
The rapid reductions in g(τ ) for τ < 200 yr seen in Fig. 4 are indicative of the equilibration of a diffusion driven Table 1 . Estimates of various parameters derived from the relationships shown Fig. 4 (see text for explanation) . The values of τ d,c are the median values of the distributions shown in Fig. 3a and g d,c are the areas under the distribution function. Note, −g o (0) = g d + g c . The 95 percent confidence intervals are derived from the 100 member ensemble of the simulated annealing results.
5th, 95th percentiles mechanism where g ∝ τ −2 (Bowman, 1995) . This process is common to all three models through the diffusive component of ocean heat uptake. Figure 4 also shows that, after the initial stabilisation of G(τ ) as g(τ ) → 0 at τ ≈ 200 yr, all three models reveal further increases thereafter, i.e. a secondary set of positive feedbacks are experienced (see Fig. 4a inset) . This behaviour was identified by Jarvis and Li (2010) for a range of climate models looking at the feedforward 1 dynamics of the mean surface temperature response. The cause for this behaviour can be demonstrated using the GEBM model. Like the more complex EMIC and A-OGCM, in this model surface heat is transferred to the oceans through both diffusion into the near surface ocean across the thermocline, and through large scale Meridional Overturning Circulation (MOC) driving heat directly into the deep ocean from the surface (Hoffert et al., 1980) . If we switch off the MOC pathway by setting the polar sinking term to zero in the GEBM we see that this abolishes the secondary long timescale peak in g(τ ) (see Fig. 4a ) and the remaining purely diffusive ocean heat uptake reverts to g ∝ τ −2 as expected (see Fig. 4a ). From this result the bi-modal relationship for g(τ ) that is observed for the EMIC and the A-OGCM is understandable. The diffusive ocean heat uptake regime of the thermocline in these models gives rise to the inverse component of g(τ ) for τ < 200 yr. The MOC heat uptake gives rise to the secondary peaked distribution in g(τ ) for τ > 200 yr. The reason this secondary component of g(τ ) is peaked and not g ∝ τ −2 is because, unlike diffusion, circulatory heat distribution is a mixing process. Well mixed systems are characterised by a single time constant and feedback amplitude i.e. they are infinitely peaked in g(τ ). Rather than being infinitely peaked, partially mixed systems such as the global intermediate and deep oceans, will be characterised by a distribution of time constants and amplitudes about a peak dependent of the degree of mixing. As the system tends more toward a purely diffusive regime so g(τ ) will tend toward g ∝ τ −2 .
An alternative but related way of accounting for the g(τ ) distribution of the deep ocean is to consider the surface as being linked to a very large number of deep ocean water bodies. Each of these is connected to the surface in different ways depending on the circulatory architecture of the ocean. This is equivalent to there being a distribution of values of g and τ to describe the connectivity between these water bodies and the surface, with the first moment of this distribution describing the most common degree of connectivity. It is important to keep in mind that the annealing method does have a tendency to smooth the peak in g(τ ) (see Fig. 3 ) and, therefore, it is likely to be slightly more peaked than shown in Fig. 4 .
For all three models these long timescale adjustments to the oceanic feedback amount to the preservation of a feedback amplitude of approximately −0.35 W m −2 K −1 up until the equilibration of this process. We see from Fig. 4 that this secondary equilibration starts at around τ ≈ 200 yr and finishes at τ ≈ 400 yr for the EMIC, whilst for the A-OGCM model this process occurs some 200 yr later. Stouffer (2004) plots the spatial distribution of the times taken to achieve either 30 or 70 percent equilibration of ocean temperature in the same A-OGCM, but run under 2 × CO 2 forcing. The 30 percent equilibration ranges from 100 to 900 yr whilst the 70 percent timescale ranges from 100 to 1800 yr. It would be tempting to try and relate these spatial distributions to the results shown in Fig. 4 . However, it is not clear at this stage how to map Stouffer's (2004) results into feedbacks experienced at the surface and hence g(τ ). where g a (0) is the instantaneous net atmospheric feedback amplitude, it is possible to estimate g a (0) because g o (0) is known. The results for the three models are given in Table 1 and show relatively little difference between the three with g a (0) ∼−2.3 W m −2 K −1 . This estimate is indistinguishable from the estimate of 2.2 ± 0.26 W m −2 K −1 for the same quantity made by Colman (2003) for a suite of A-OGCM's by summing individual estimates of the water vapour, cloud, albedo, and lapse rate feedback parameters. This again provides a degree of independent verification of the annealing results. The GEBM has no explicit representation for g a (0) and hence its behaviour in this regard is a result of an implicit parameterization. This is not surprising given GEBM's including MAGICC are often tuned to emulate A-OGCM's (Raper et al., 2002) . For reference, Fig. 2b shows the outgoing longwave forcing F a = (−3.3 + g a (0)) T for all three models. Table 1 also shows the estimated values of the surface heat capacity C and equivalent 1d well-mixed ocean depths of the three models. This is significantly larger in the GEBM due to having a parameterisation for ocean heat uptake that allows for the effective downward penetration of the mixed layer into the thermocline with time (Hansen et al., 1985; Watterson, 2000) , meaning this extends well beyond the 90 m specified in this model. In contrast, the surface heat capacity of the EMIC and AOGCM are much closer to that expected for the real world surface mixed layer with equivalent depths of 74 and 34 m respectively, implying a somewhat more realistic representation of the coupling between the surface and lower ocean.
Implications for simple models
The results in Fig. 4a suggest highly reduced order forms of these climate models can be identified which summarise of the core dynamic characteristics of surface energy balance. This reduction in model order stems from the fact that, providing they are either low variance or symmetric, the dynamics produced by distributions of first order processes such as those shown in Fig. 4a can be accurately represented by the first moment of these distributions (Jarvis and Li, 2010 ). Given we have two such distributions then, taking into account the reference system, a reduced third order model is implied. Third order analogues of the climate system energy balance have been proposed previously (e.g. Dickinson, 1981; Greiser and Schonweis, 2001; ). However, here we will define the structure and parameterisation directly from the feedback analysis results. Figure 4 suggests one atmospheric and two transient ocean heat feedbacks operating on the reference system i.e.,
where F a = (3.3 − g a ) T is the atmospheric feedback forcing;
is the diffusive ocean heat uptake and F c = g c ( T − T c ) is the circulatory ocean heat uptake. This structure differs from the usual layer cascade box models (Dickinson, 1981; Greiser and Schonweis, 2001; Hooss, 2001; ) because the two ocean heat reservoirs interact directly with the ocean mixed layer but not each other. g d,c are both the ocean heat exchange efficiencies and the feedback amplitudes of these two processes. From this we get,
e. all τ = 0 feedback terms aggregate in the reference system. It is tempting to formulate Eq. (13) in the form of Eq. (12) by specifying heat capacities for the two oceanic responses. We will avoid this because, as with the mixed layer, this would imply the temperature states T d,c represent well mixed conditions. Clearly this is not so and, were we to do this, the implied heat capacities would be significantly less than that known to reside in the parent models (Grieser and Schönwiese, 2001 ). Instead, we have retained τ d,c to describe the average dynamic timescales over which the ocean heat equilibrates. The parameters for Eq. (10) for the three climate models are given in Table 1 . In each case the reduced order models are able to account for more than 99.9 percent of the variance of their higher order parents. The values of τ d are comparable amongst the three models whereas the value of τ c is significantly smaller for the EMIC. The values of g d,c do not depend on the structure of Eq. (10) because they are simply the areas under the two distributions shown in Fig. 4a for τ > 0. As a result, these values should be representative of the actual efficiencies of heat exchange with the diffusive and circulatory ocean regimes in these models. The values of g d,c shown in Table 1 are comparable between the three models, although g c is smaller in the A-OGCM consistent with the finding that the 4 × CO 2 forcing of this model was associated with significant weakening of MOC (Manabe et al., 1991) . The ratio g d,c /(g d + g c ) is a measure of the relative importance of the two ocean heat uptake pathways in the ocean heat uptake feedback. From the values in Table 1 this partitioning is approximately 3:1, diffusive:circulatory for the GEBM and EMIC models and 4:1 for the AOGCM, demonstrating the decadal timescale diffusive heat loss pathway is significantly more important in affecting the reference system energy balance dynamics in these three models. Because the MOC heat uptake pathway appears less important for determining the dynamics of the surface temperature response, whilst also being very uncertain, this suggests that dropping this feedback term from simple climate models would not radically impact on model performance, particularly for timescales <200 yr. 220 A. Jarvis: The magnitudes and timescales of global mean surface temperature
Conclusions
Such a small sample of climate models is not intended to reflect the diversity of climate model behaviour. This sample was determined by the desire to represent a spectrum of climate model types and the rarity of full equilibrium run A-OGCM data sets. The analysis presented demonstrates how the magnitude of the feedbacks are related to their response timescale in these models. This relationship has three general traits. Firstly, it is comprised of a large net negative feedback at zero lag determined by outgoing long wave and ocean heat uptake effects which are partially offset by instantaneous atmospheric adjustment. As feedback response timescale increases this net negative feedback is attenuated by a series of positive feedbacks which I argue are attributable to the equilibration of heat between the surface and the oceans. This equilibration process appears to be divisible into two discrete components; a decadal timescale equilibration which relates to diffusive ocean heat uptake accounting for approximately 75 to 80 percent of the total equilibration dynamic; and a centuries timescale equilibration which relates to the large scale circulation of heat into the oceans accounting for the remaining 20 to 25 percent. To see if the results presented here are more general obviously requires more full equilibrium run data sets becoming available. Because ocean circulation can depend on the nature of the forcing applied to A-OGCM's (Manabe et al., 1991; Stouffer, 2004 ) g(τ ) can be a function of the exogenous disturbance making any generalisation more difficult. It must be stressed that this is because the underlying dynamics of the A-OGCM are nonlinear or nonstationary and not because the estimates of the feedback amplitudes are biased by using a static analysis framework on a dynamic system (see e.g. Gregory et al., 2004) .
The results from the feedback magnitude-timescale analysis highlight that the link between simple linear (box and impulse response) climate models and their complex counterparts is not as superficial as originally believed. This link is partly explained by the fact that imperfect mixing processes in the ocean can still have characteristic time constants and amplitudes, hence the peak in g(τ ). Imperfect mixing is analogous to perfect mixing occurring within a fraction of the control volume (Beer and Young, 1983) . As a result, the ratio of the actual control volume to that estimated for an appropriate box model analogue could provide a useful measure of the degree of ocean mixing in play. As with most box model analogues of the global energy balance, if c d,c = τ d,c /g d,c , then the parameter values in Table 1 give rise to approximately one quarter of the heat capacity known to reside in the global oceans. Aires and Rossow (2003) rightly highlight a range of limitations of adopting a linear feedback approach for characterising feedback processes, and in particular the inappropriate accounting for interactions between feedbacks the linear additive framework provides. The linear systems approach need not be restricted to additive feedbacks and could also consider a range of configurations of first order systems which map to physical processes (see e.g. for a global carbon cycle example). However, this would require relatively detailed knowledge of the 3-D architecture of the global energy balance system. This is why the analysis presented here was initially restricted to identifying the magnitude of feedbacks operating on particular timescales with the interpretation in terms of processes only coming in light of the results. Therefore, the main limitation of the current approach is not the additive structure of the feedbacks but the assumed time invariance of the feedback amplitudes. For example, it is clear from Manabe et al. (1991) that the 4 × CO 2 A-OGCM run analysed here has non-stationary ocean circulation which would equate to a degree of nonstationarity in g(τ ). That said, it is remarkable how well linear frameworks like this perform when accounting for A-OGCM behaviour (see also Grieser and Schönwiese, 2001; Gregory et al., 2004; Forster and Taylor, 2006; . Two candidate mechanisms for giving rise to this are the nature of the network connections within these models and the overall balance of negative over positive feedback. Further research on these traits is needed.
